Toxicity testing is essential for the protection of human health from exposure to toxic environmental chemicals. As traditional toxicity testing is carried out using animal models, mammalian cell culture models are becoming an increasingly attractive alternative to animal testing. Combining the use of mammalian cell culture models with screening-style molecular profiling technologies, such as metabolomics, can uncover previously unknown biochemical bases of toxicity. We have used a mass spectrometry-based untargeted metabolomics approach to characterise for the first time the changes in the metabolome of the B50 cell line, an immortalised rat neuronal cell line, following acute exposure to two known neurotoxic chemicals that are common environmental contaminants; the pyrethroid insecticide permethrin and the organophosphate insecticide malathion. B50 cells were exposed to either the dosing vehicle (methanol) or an acute dose of either permethrin or malathion for 6 and 24 hours. Intracellular metabolites were profiled by gas chromatography-mass spectrometry. Using Principal Component Analysis, we selected the key metabolites whose abundance was altered by chemical exposure. By considering the major fold changes in abundance (>2.0 or <0.5 from control) across these metabolites, we were able to elucidate important cellular events associated with toxic exposure including disrupted energy metabolism and attempted protective mechanisms from excitotoxicity. Our findings illustrate the ability of mammalian cell culture metabolomics to detect finer metabolic effects of acute exposure to known toxic chemicals, and validates the need for further development of this process in the application of trace-level dose and chronic toxicity studies, and toxicity testing of unknown chemicals.
Introduction
Insecticides have been used across the globe for several decades as the forefront of efforts to control pest species that threaten agriculture, animal or human health. The use of insecticides has allowed for greater human access to farmed food, strengthened agricultural economies, and prevented outbreaks in vector-borne diseases such as malaria (Curtis and Mnzava 2000, Hemingway 2014) . As the use of insecticides is widespread, and knowledge of their persistence in the environment is uncovered, there is growing concern about their use and the implications of human exposure (Fragar et al 2005) . Insecticide chemicals are known neurotoxins and elicit their effects on the target species by targeting features of the insect nervous system. Unfortunately, there are many features of the nervous system which are conserved across all animal species, and so insecticides can exert their toxic effects on nontarget species (Keifer and Firestone 2007) . Current knowledge of the long-term human toxicity of insecticides tends to focus on the physiological end-points of exposure, often making assumptions by association. Despite the varied, specific molecular targets of the different insecticide chemical classes, the overall intended effect of insecticides on the cells of the nervous system is the same: the initial overstimulation and excitation of neuronal cells, resulting in cell exhaustion, degeneration and death (Marrs 2012 , Narahashi 2010 . The specific molecular targets, or mechanisms of toxic action are well known throughout the many different classes of insecticide chemicals, as they have been elucidated from traditional toxicity testing on animals and through the development of new chemical compounds that are similar in structure and thus have the same targets as their parent compound (Stenersen 2004) . What remains unknown about the toxicity of insecticides are the immediate metabolic effects of these chemicals on the processes that occur inside neuronal cells, and what these might mean for the prolonged health of the cell and thus the nervous system. Understanding these small metabolic perturbations in neuronal cells that survive a toxic insult could potentially uncover some of the specific biochemical process that may be responsible for the adverse effects on human health associated with insecticide chemical exposure.
Metabolite profiling (metabolomics/metabonomics) provides unique insights into the metabolic pathways of cells via the simultaneous, untargeted analysis of the small molecules (or metabolites) within a biological sample. Metabolomics has been widely applied in the field of toxicology, mainly in the context of animal studies and the analysis of urine or plasma for the discovery of biomarkers of toxic chemical exposure (Bouhifd et al 2013 , Ramirez et al 2013 . There are studies that have utilised mammalian cell culture metabolomics to look specifically at the metabolic effects of toxic chemical exposure (Ellis et al 2011 , Huang et al 2012 , Johnson et al 2012 , Snouber et al 2013 , Van den Hof et al 2015 , only a handful of these have specifically investigated neurotoxicity (Zurich and Monnet-Tschudi 2009) including exposure to thalidomide (Qin et al 2012) , methyl-mercury and caffeine (van Vliet et al 2008) . There is clearly great potential in the application of mammalian cell culture metabolomics in the study of insecticide toxicology, and metabolomics has been suggested to be an important technique in the development of new, safer pesticide chemicals (Aliferis and ChrysayiTokousbalides 2011).
The B50 neuroblastoma cell line was derived from the rat neonatal central nervous system (CNS) and is in wide use today in studies of CNS neurons in culture (Otey et al 2003) . B50 cells have been used extensively to study neuronal cell death and neurotoxicity, and are very simple to grow, making them an ideal model to investigate the potential of metabolomics in the assessment of neurotoxicity. Before any cell line model can be used as a screening test for chemicals of unknown toxicity, it first has to be validated with chemicals of known toxic effect. In this study, we used gas chromatography-mass spectrometry (GC-MS)-based untargeted metabolomics to characterise the effects to the intracellular metabolome of the B50 neuronal cell line after 6 and 24 hours of acute exposure to two known neurotoxic chemicals: the pyrethroid insecticide permethrin (Soderlund 2012) and the organophosphate insecticide malathion (Flaskos 2012) . Cell photographs were captured to compare metabolic response to any change in gross cell morphology. In particular, the main aim of this study was in showing that this metabolomic approach was able to identify significant fold changes in the metabolite profile of cultured mammalian neuronal cells following insult from a known toxic chemical. In addition, this study was also able to demonstrate how exposure to different classes of insecticides corresponded to distinctly different metabolite responses from the same cell line.
Materials and Methods

Cell culture
The adherent, rat neuroblastoma cell line B50 obtained from the European Collection of Cell Cultures (ECACC) was grown and maintained in Dulbecco's Modified Eagle Medium (DMEM) supplemented with 1% v/v 2 mM L-glutamine, 1% v/v 10,000 U/mL combined penicillin and streptomycin, and 5% v/v foetal calf serum (FCS). Cells were kept in a humidified incubator at 37 o C and 5% CO2. Routine cell culture of adherent cell populations was performed in 75 cm 2 tissue culture flasks with 10 mL volume of medium during growth phase. Medium was replaced after 48 to 72 hours of initial seeding, when the phenol red indicator in the medium showed a drop in pH. For passaging confluent cells and cell counting during experimentation, cells were detached with addition of 0.25% Trypsin-EDTA solution (2.5g porcine trypsin and 0.2g EDTA per litre) after first removing the medium and washing the cells with pre-warmed 1 x phosphate-buffered saline (PBS). Cell culture passage numbers 28 to 32 were used for experimentation. The cells were tested using PCR for mycoplasma status along with HGH housekeeping gene and were found to be negative for presence of mycoplasma. All cell culture solutions and PBS were purchased from Sigma-Aldrich (NSW, Australia).
Experimental design
For analysis of the metabolome, cells were cultivated in 6-well tissue culture plates and seeded at a density of 4 x 10 5 cells/well in 2 mL of medium. Plates were left for 24 hours to allow for cell adhesion before being exposed to either permethrin or malathion added as a solution in 100% methanol to a final concentration in each well of 200 µg/mL (equivalent to 0.51 and 0.61 mM for permethrin and malathion, respectively). Both compounds were purchased at the highest purity available (>98%, with permethrin as an equal mixture of cis-and trans-isomers) from Sigma-Aldrich. The final concentration of methanol in the cell medium was < 0.1% total volume. The same volume of methanol was added to the same number of equally prepared wells as an unexposed vehicle control group. Control and exposure groups for both time points of one insecticide exposure were set up simultaneously using cells from the same passage number to minimise uncontrolled variables. Five wells from one 6-well plate were combined as one sample within a particular treatment group. The sixth well was used to count the cell number as a representative parallel sample in order to normalise data to the amount of tissue analysed. The number of biological replicates set up per treatment group was four. Following addition of either insecticide compound, both 'non-exposed' and 'exposed' treatment groups for each compound were left for 6 hours and another set for 24 hours exposure, in a humidified incubator at 37 o C and 5% CO2. Immediately preceding sampling, cell number and viability were determined for each sample using Trypan blue exclusion following trypsinisation of the parallel cell number sample, by diluting 10 µL of cell suspension 1:2 with a 0.4% Trypan blue (Allied Chemicals; NSW, Australia) in 1 x PBS solution and immediately counting cells using a Bright-Line Haemocytometer (Hausser Scientific; PA, USA) and an inverted light microscope (Olympus Australia; VIC, Australia). Photographs were also taken immediately before sampling (Moticam 2300, Motic China Group Co.; Hong Kong) to document differences in cell density and gross morphology between control and exposure groups. All methanol and water used in this study was LC-MS-grade purity and purchased from LabScan (SA, Australia).
Sampling for intracellular metabolites
For analysis of intracellular metabolites, immediately following completion of the respective exposure time all plates of both unexposed and exposed treatment groups were removed from incubation and cellular activity halted by placing the plates directly onto ice. Culture medium was discarded and cellular metabolism immediately quenched by careful addition of 1 mL 4 o C 1 x PBS to each well, ensuring minimal disruption of adhered cells from the plate surface. This PBS was removed as a washing step to remove any residual medium from the cells. Adhered cells were then collected by scraping into 100 µL of additional PBS and pooling the cell suspension from 5 wells into one microcentrifuge tube. All collected samples were immediately snap-frozen and freeze-dried using a FreeZone Plus Cascade Benchtop Freeze Dry System (Labconco; KO, USA) to prevent degradation or loss of metabolites (Mediani et al 2015) . Freeze-dried samples were stored at -80 o C until metabolite extraction.
For extraction of intracellular metabolites, freeze-dried cell samples were resuspended in 500 µL of 100% methanol containing 2.6 µg/mL of 13 C6-sorbitol (Sigma-Aldrich), an isotopically labelled compound that is easily resolved used as an internal standard to normalise analytical data, to minimise any observed effect from extraction or instrumental variability. The suspended cells in extraction solution were agitated in a Precellys 24 Tissue Lyser (Bertin Technologies; Aix-en-Provence, France) for 2 x 20 s cycles at 6,500 rpm to maximise the metabolite recovery rate. Homogenised extracts were centrifuged for 10 mins at 16,100 g and supernatant collected into fresh microcentrifuge tubes. Pellets of cell debris were discarded. Extracted metabolites were concentrated by evaporating the methanol in a Concentrator Plus Rotary Vacuum Concentrator (Eppendorf South Pacific; NSW, Australia) and protected from degradation by addition of water and further snap-freezing and freeze-drying. Once completely dry, metabolite extracts were stored at -80 o C until preparation for GC-MS analysis.
GC-MS analysis
For measurement of metabolites by GC-MS, dried metabolite extracts were derivatised by methoximation and silylation to increase thermal stability and volatility of metabolite compounds. The derivatisation process had been previously optimised for a range of different biological samples (Abbiss et al 2012 , Abbiss et al 2015 , Ng et al 2012 , Wenner et al 2016 . Briefly, 40 µL of 20 mg/mL methoxyamine hydrochloride in pyridine was added to a dried extract and incubated at 30 o C for 90 mins with agitation in a Thermomixer Comfort (Eppendorf) at 1,200 rpm, followed by addition of 20 µL of MSTFA (N-methyltrimethylsilyltrifluoroacetamide) and incubation at 37 o C for 30 mins with agitation at 300 rpm. Derivatised metabolite extracts were transferred to amber vials with 200 µL glass inserts where 5 µL of n-alkanes mixture solubilised in hexane (C10 and C12 at 0.625 µg/mL and C15, C19, C22, C26, C32 and C36 at 1.250 µg/mL) was added to the sample to enable calculation of a Kovát's retention index. Derivatisation of samples was carried out in 'batches' to ensure that all derivatised samples were injected and analysed within 24 hours following derivatisation. Methoxyamine hydrochloride, MSTFA and n-alkanes were purchased from Sigma-Aldrich, pyridine from Ajax Finechem (NSW, Australia) and hexane from LabScan, all in the highest purity available.
A total of 1 µL of each sample was injected in splitless mode into a GC for compound separation, and mass separation and detection by electron-ionisation (EI) single quadrupole MS. Analysis was performed by an Agilent 6890 Series GC system with 7683 Autosampler/Injector unit, coupled to a 5973N Series quadrupole MS (Agilent Technologies; CA, USA). The injection temperature was set at 230 o C with a GC column initial temperature of 70 o C ramped at 1 o C/min for 5 min followed by 5.63 o C/min to 330 o C final temperature held for 10 min. The GC column was a 30 m Factor Four fused silica capillary column VF-5MS (ID = 0.25 mm, DF = 0.25 µm) with a 10 m EZ-Guard column (Agilent Technologies) and the carrier gas was helium set to a constant flow rate of 1 mL/min. The retention time was locked to elute a standard mannitol-TMS compound at 30.6 min. The transfer line into the MS was set at 280 o C and the ionisation source at 230 o C. Electron ionisation was set at -70 eV and the MS scan monitoring in mass range m/z 45-600 at a rate of 1.56 scans/sec.
Data processing and statistical analysis
Deconvolution of GC-MS data was performed using AnalyzerPro v5.2.1.6441 (SpectralWorks Ltd.; Runcorn, UK). Manual inspection and peak alignment of the resulting peak area matrix using the retention index (RI) ladder was carried out to reduce the occurrence of misallocated peaks and thus false positives. Identification of GC-MS peaks was achieved by comparing the mass spectra and RI with those of reference compounds from an in-house library of standards (Separation Science and Metabolomics Laboratory, and Metabolomics Australia; WA, Australia). In addition, a number of "unknown" metabolites were putatively annotated through comparison of the mass spectra with those of compounds in the commercially available NIST (National Institute of Standards and Technology; MD, USA) MS library. Only those features with >80% probability match factor to the NIST MS library were annotated as such. All other features were deemed as "Unknown" with respective retention time, RI, and base-peak spectral masses to distinguish them. For the peak area matrix, features which occurred in less than 80% of all samples were removed from subsequent analyses, unless their presence was unique to a particular treatment group in >75% of replicates. All remaining peak areas were normalised to the peak area of the internal standard compound to remove variation from any differences in extraction or instrumental procedures, and then normalised to the viable cell number in the parallel sample to remove variation from the different amounts of tissue analysed. The internal standard compound, and the n-alkane RI markers were then removed from the peak area matrix before statistical analyses, and the total number of detected features recorded.
The process of statistical analysis was repeated as described previously for untargeted metabolomics by GC-MS (Francki et al 2016) , and a brief outline follows. For all multivariate and univariate statistical analyses, the peak areas (X) were first transformed using the equation log10(X + 1). Principal component analysis (PCA) of both the permethrin-exposure and malathion-exposure peak area matrices (using a maximum 7 principal components, non-linear iterative partial least squares algorithm, no rotation, full cross validation, constant weighting and mean-centred data) was conducted using The Unscrambler X v10.3 (Camo; Oslo, Norway) and assessed for any spatial grouping and separation of different treatment groups which would indicate a change in the overall metabolite profile. Using PCA, those metabolites that most contributed to the spatial separation could be identified from the X-loadings plots that correspond to the PCA scores plots. For all univariate statistical analyses, the data were considered to be non-normally distributed with unequal variances for the most conservative calculation of significant differences between a relatively small number of replicates, and a two-tailed Student's t-test was used to determine the effects of acute exposure of permethrin or malathion on viable cell number and metabolite peak area. Statistically significant changes were considered for P < 0.05. Fold changes in the mean relative abundance of each metabolite feature between non-exposed and exposed groups were calculated using non-transformed, normalised peak areas. The metabolites with substantial (>2.0 or < 0.5) fold changes were grouped according to compound class (if identified) and the numbers of each recorded.
Results
B50 cells display distinct growth and metabolite profiles following exposure to permethrin or malathion
Immediately preceding sampling for metabolomic analysis, a parallel sample of each replicate was counted for viable cell number in order to correct the metabolite abundance data for any differences in the amount of tissue analysed. Figure 1 shows cell number and percentage viability as histograms to observe the gross effect of the insecticides on cell growth. The control groups ("No exposure") show that in normal growth conditions, the total cell number increased from 4.7 x 10 6 cells to 8.1 x 10 6 cells over 24 hours, an increase of 72%, which is an expected rate of growth for this cell line in ideal conditions (Otey et al 2003) . Following exposure to permethrin or malathion the same growth rate was not observed. Interestingly, the cells exhibited a different response to each insecticide chemical. Permethrin exposure from 0 to 24 hours resulted in an 8.5% increase, while malathion exposure had a 29.8% decrease over the same time. Comparing the control to exposure groups at each time point, the number of viable cells at 6 hours was similar for all groups; only the permethrin-exposed group showed a significant 18.5% decrease from control (P = 0.03846), with no distinct difference in the malathion-exposed group. At 24 hours the effect of the chemical exposure on cell growth and survival became apparent, as both insecticides showed significant decrease in viable cells from control; permethrin exposure resulted in 37.0% fewer cells than control at the same time point (P = 0.00021), and malathion exposure caused a greater reduction, with 59.4% fewer cells (P = 7.262 x 10 -6 ). The percentage of viable cells of total cell number remained the same across all groups at all time points, despite the observed reduction in cell number.
Photographs taken of all groups at 6 and 24 hours (Figure 2) are consistent with the cell number data, in that there was no marked visual difference in the cell culture of all groups at the 6-hour time point, yet at 24 hours there was an obvious difference in cell number in both exposure groups compared to the control group. For both exposure groups, there not only appears to have been a change in the number of cells present, but also an altered appearance of the cells themselves, indicating that the pesticide exposure has affected morphology. Both exposure groups appeared to have a more distorted, uneven outer membrane compared to unexposed cells, and malathion-exposed cells appeared to have less extended processes, and a slightly swollen cell body, compared to permethrin exposure and the control.
To characterise the overall impact of insecticide chemical exposure on the metabolite profile, we used a pattern recognition approach based on PCA of normalised peak areas for all observable features that had >80% coverage across all samples or a unique appearance within specific treatment groups, for both sets of insecticide-exposed cells (121 and 95 intracellular metabolites total, for permethrin-and malathion-exposed profiles, respectively). A full list of these metabolites, with fold-changes from control and P values, is included in supporting information (Tables S1 and S2). As this was an untargeted investigation, features with unknown identification were also included in analysis. There were 53 features of unknown identification, and 68 features of putative identification from either the in-house mass spectral library or a high-probability match with the NIST MS database, for the permethrin-exposure cell group. There were 34 unknowns, and 61 putatively identified features for the malathionexposure cell group. Figure 3 shows the PCA plots of all time points of each insecticide exposure and their control groups, and revealed that all separate groups examined produced consistently altered metabolite profiles. Further PCA was conducted to investigate the difference between control and exposure groups at each time point, and the accompanying metabolite loadings plots for each were examined for those metabolites that contributed to the observed variation in metabolite profile (supporting information, Figure S1 ).
Analysis of PCA intracellular metabolite loadings identifies metabolites associated with exposure to an insecticide chemical
From the list of metabolite loadings, the fold change in relative abundance from control was calculated as well as the P value (Tables S1 and S2), and only those considered to be a major fold change (>2.0 or <0.5) in either the 6-or 24-hour time point were selected for further interpretation in this study (75 metabolites for permethrin exposure, and 72 for malathion exposure). Figure 4 shows these fold changes as histograms of metabolites in compound classes that showed a different trend between the two insecticide exposures, inclusive of amino acids, fatty acids, and intermediates of the TCA cycle (dicarboxylic acids and pyruvate). Histograms of the remaining metabolite classes that showed substantial fold changes are included in supporting information ( Figure S2 ), for carbohydrates including monosaccharides and sugar alcohols, a small number of miscellaneous metabolites inclusive of lactate and uracil, and a large number of "unknowns".
Comparison of intracellular metabolite concentrations at different times of exposure were distinct for two separate classes of insecticide chemical It was observed that there was a marked difference in metabolite response of B50 cells to the different insecticides permethrin and malathion, visualised by the fold change histograms in Figure 4 . Permethrin-exposure resulted in seven amino acid features that had an altered abundance considered substantially different from control levels, whereas malathion-exposure resulted in 21 amino acid features whose abundance was substantially altered. The reverse trend was observed with fatty acids, where there were eight fatty acid metabolites that responded following permethrin exposure, and only two identified fatty acid metabolites that had a substantial fold change following malathion exposure. Overall, it can be observed that permethrin-exposure resulted in a predominantly fatty acid-based response, whereas malathion-exposure resulted in a predominantly amino-acid based response.
Perhaps the most marked difference in the direction of metabolite response between the two insecticide chemical exposures was in the TCA (tricarboxylic acid) cycle group ( Figure 4) ; inclusive of dicarboxylic acid intermediates as well as pyruvate, all of which are important in energy synthesis for the cell. In particular, succinate and malate showed a significantly increased fold change after both 6 and 24 hours exposure to permethrin, while the opposite response occurred following malathion exposure with a significant decrease from control of the same two metabolites after 24 hours exposure. In both cases, changes in pyruvate were opposite to that of these metabolites. Pyruvate was substantially decreased following exposure to permethrin, where the TCA cycle intermediates were increased, while with malathionexposure, pyruvate was substantially increased, where the TCA cycle intermediates were decreased.
The number of "unknown" metabolites for both insecticide exposures was similar. There was also a differing overall response of the "unknowns" for each metabolome ( Figure S2 , Supplementary Information), the overall trend for permethrin-exposure was a majority fold change increase from control after 24 hours of exposure, which was not seen to the same extent at 6 hours. For malathion-exposure, the overall trend was a majority fold change increase from control after 6 hours of exposure, and for many of the same metabolites, this trend shifted to a decrease in fold change after 24 hours. Interestingly, there were a small number of "unknowns" that showed enormous increased in abundance following insecticide exposure, not matched by any of the identified metabolite features. These included a 28-fold increase in one metabolite ("Unknown_40.67_2585_91, 129…", Figure S2 ) after 24 hours of permethrin exposure, and four other features that had greater than 5-fold increase after either 6 and/or 24 hours ("Unknown_18.27_1334_189, 292", "Unknown_23.39_1551_117, 170", "Unknown_24.04_1584_147, 334" and "Unknown_24.58_1611_113, 198", Figure S2 ). Following malathion-exposure, there was one unknown feature ("Unknown_19.75_1394_147, 241, …", Figure S2 ) with a 33-fold increase after 6 hours, which was not maintained at 24 hours; the same feature was still present, but with only a 2.8-fold increase. There were two other features that exhibited a vast exaggerated abundance after 6 hours of malathion exposure, at 19-and 15-fold increases ("Unknown_18.06_1325_315, 330, 147" and "Unknown_27,44_1755_117, 363" respectively, Figure S2 ). The "unknowns" histograms display an overall difference between the two insecticide exposures; the majority of unknown features with a substantial fold change from control showed an increased response after 24 hours of permethrin exposure that was not seen to the same extent at 6 hours, indicating a progressive response or a 'build-up' of these particular metabolites in the B50 cells. An opposite overall trend was observed for malathion-exposure, where the larger, substantial fold changes occurred after 6 hours of exposure, and the response actually decreased from 6 to 24 hours, indicating a deterioration or conversion of these metabolites in B50 cells.
Discussion
This study has successfully observed differences in the intracellular metabolome profile of cultured neuronal B50 cells, and associated some of the specific differences to insecticide chemical exposure. From this untargeted metabolomic analysis of cultured cells, hundreds of individual metabolite features were able to be detected (Tables S1 and S2 ) and a great proportion (>50%) of those contributed to a change in the metabolome following a toxic insult (Figures 4 and S2) . Principal component analysis of all samples showed that biological replicates grouped together and that specific metabolites could be distinguished for each time point of toxic exposure (Figures 3 and S1 ). This, together with the outcome of a large number of different classes of metabolites that were able to be detected, highlights the suitability of this cultured cell metabolomics model to monitor the cellular metabolic response to a toxic chemical exposure, and its potential for application to future toxicology testing practices. In the proposed 21st century model for toxicology testing and research (NRC 2007 , Ramirez et al 2013 , there are increasing demands for the use of human-derived cell lines coupled to molecular profiling platforms such as metabolomics, as a predictor for toxic adverse effects on key cellular pathways and metabolic events, not just in the advancement of current toxicology knowledge, but as an alternative to the use of animals in toxic chemical testing. One important future development would be the validation of the metabolic response in a human neuronal cell line, and the subsequent comparison to the rat B50 neuronal cell line.
Previous studies have investigated the metabolomic response in rats following exposure to different classes of pesticide chemicals, however only comparing the abundance of selected 'biomarker' molecules from the urine (Jones et al 2013 , Liang et al 2013 and serum metabolomes (Liang et al 2012 , Moser et al 2015 . The benefit of this cell culture metabolomics study in comparison to animal-based, 'biomarker' measurements is not only in the direct analysis of the intracellular metabolome of the cell type of interest, but also in the untargeted profiling of all detectable features that allow for the comparison of not just relative abundance, but also the quantity of substantially effected metabolites from particular classes, or of a particular pathway, that are altered from exposure to different toxic chemicals. Untargeted metabolomics is proposed to become the future direction of all metabolomics investigations (Sévin et al 2015) and is important for the interpretation of the biological response from metabolomics data, especially in relation to mechanistic toxicology studies and predicting potential harm from environmental chemicals (Aliferis and Chrysayi-Tokousbalides 2011).
This study was successful in determining that a distinct response is interpretable for different chemical exposures. Metabolic changes from exposure of rats to different pesticides has been recorded by previous studies (Liang et al 2012 , Liang et al 2013 , Moser et al 2015 , although in some cases, such as permethrin exposure, the observed metabolic responses were not consistent. Liang et al (2013) reported an increase in free amino acids in the serum of rats following long-term (60 days) exposure to permethrin. A separate study comparing the response from multiple classes of pesticide chemicals found that there was no substantial change in amino acids in rats treated with a high dose of permethrin for 2 hours (Moser et al 2015) . In this study, the response of amino acids to permethrin exposure was varied, with some increasing and others decreasing ( Figure 4 and Table S1 ), indicating that there is some response to the pesticide exposure, but that it is not a one-way effect. The response of amino acids may be indicative of other energy metabolism processes (e.g. glycolysis or fatty acid β-oxidation) being the focus of toxic effect, and that altered usage or production of amino acids is an indirect effect. For example, this study observed that permethrin-exposure had a predominantly increased fatty acid-based response in the metabolome. Permethrin, a type I pyrethroid for which the neurotoxic action involves prolonging sodium channel activation resulting in depolarisation and neuronal excitotoxicity (Soderlund 2012), is known to induce an oxidative effect within cells that leads to lipid peroxidation (Abdollahi et al 2004 , Banerjee et al 2001 , Issam et al 2011 .
In this study, exposure to malathion had a predominantly greater amino acid response than permethrin, evident from the number of substantial fold changes observed within the metabolite class (Figure 4 ) compared to that seen in permethrin exposure. Malathion, an organophosphate for which neurotoxic action is the inhibition of the enzyme acetylcholinesterase resulting in increased cholinergic signal transduction and excitotoxicity (Stenersen 2004) , is known to elicit an excessive generation of reactive oxygen species (ROS) and cause a state of oxidative stress within cells (Ojha et al 2013) . However, this study suggests that malathion toxicity may also manifest via glutamate excitotoxicity, evident from the 13-fold increase in pyroglutamate following 6 hours of malathion exposure (Figure 4) . Pyroglutamate is the cyclised form of glutamate, and it is known that glutamate can be freely and non-enzymatically converted to pyroglutamate under high temperature conditions, such as within an ionisation source for analysis by MS (Purwaha et al 2014) , and so levels of pyroglutamate can be considered indicative of changes in glutamate. Glutamate is the chief excitatory neurotransmitter in the mammalian nervous system and is known to be implicated in a wide variety of neurological pathologies (Choi 1988 , Tian et al 2012 , Veyrat-Durebex et al 2016 , Ward et al 2000 . Previous investigations have shown that under stressed conditions neuronal cells will have an enhanced production of glutamate (Nishizawa 2001) and that, as a protective mechanism against glutamate-mediated excitotoxicity, cells may attempt to reduce the accumulation of glutamate by converting it into other amino acids (Wang and Qiu 2010). The overall, substantial increase in most detectable amino acid compounds observed in this study after 6 hours of malathion exposure supports an attempted protective mechanism against glutamate-mediated excitotoxicity in the response to malathion exposure. To provide mechanistic evidence for this speculation, future metabolomics studies could include cultured cells supplemented with radioisotope-labelled glutamine, as a way of tracking the directional flow through metabolic pathways of glutamine to glutamate, and the conversion into other amino acids (Mueller 2013 , Sims 2013 .
In this study the most notable, specific difference between the two insecticide exposures was that of the TCA cycle intermediates and pyruvate (Figure 4) , where both chemical exposures resulted in substantial and opposite responses from control in these metabolites, indicating that energy synthesis was disrupted in both circumstances to different extents. Pyruvate had the opposite response to the TCA cycle intermediates with both permethrin and malathion exposure. Permethrin exposure showed decreased pyruvate abundance compared to increased TCA cycle intermediates, while malathion exposure showed an increased abundance of pyruvate compared to decreased TCA cycle intermediates. Further to the earlier suggestion of glutamate-mediated excitotoxicity in malathion-exposed cells, it may be possible that if glutamate was being converted into other amino acids as an attempted protective mechanism, this would reduce the glutamate available to power the TCA cycle (via the glutamate/glutamine cycle) (McKenna 2007 , Peng et al 1993 , and so account for the significantly decreased abundance of TCA cycle intermediates in malathion-exposed cells at 24 hours (Figure 4) . A limitation to this is that an enzyme involved in the glutamate/glutamine cycle, glutamine synthetase, is specifically located in astrocytes, and not in neurons (Peng et al 1993) , implying that this is not the mechanism occurring in our neuronal cell model. The same is true for an important TCA cycle enzyme, pyruvate carboxylase, also located specifically in astrocytes (Westergaard et al 1995) . It is therefore likely that the observed effect on the TCA cycle was due to utilisation of the intermediate metabolites, as opposed to production. The switch from TCA cycle metabolism to predominantly glycolytic metabolism would drastically reduce available energy levels in the cell and have an impact on cell survival; which would account for the significant decrease in the number of viable cells after malathion exposure compared to no exposure at 24 hours (Figure 1, A) . This was also an observed difference in response to permethrin exposure which had increased levels of TCA cycle intermediates compared to no exposure, and significantly more viable cells present than for malathion exposure at 24 hours.
Interestingly, previous studies on permethrin-exposure in rats showed the opposite results to this study and a decrease in TCA cycle intermediates (malate, citrate, and 2-oxoglutarate) following exposure to permethrin (Liang et al 2012 , Liang et al 2013 , yet they did not report on glycolytic intermediates, or pyruvate. This suggests that further efforts into the interpretation of the central energy metabolic pathways is a hugely important area to advance in metabolomics studies. For example, pyruvate is a key molecule that interconnects many metabolic pathways within a cell. Not only important in energy production, being the output of glycolysis and the precursor molecule of the TCA cycle, it can also be converted into carbohydrates, fatty acids and the amino acid, alanine. To be able to further interpret the exact directions that pyruvate follows through the network of pathways within cells, future studies are necessary to explore the response of the metabolome at varying doses to look at scale of response, as well as several times of exposure and use of stable isotope-labelled carbon sources ( Analysis of the substantial fold changes from control in the relative abundance of all metabolite features detected uncovered a range of different metabolic responses that were unique to exposure to permethrin or malathion (Figure 4 and S2) . A more detailed analysis of these particular metabolite groups in future investigations may provide a clearer picture of the specific biochemical events occurring in the cellular response from exposure to these toxins. One noticeable aspect from the metabolite relative abundance histograms as well as the supporting tables (Tables S1 and S2) , is the large margin of error for many of the mean fold changes. These error margins would be improved in future studies by the use of a larger sample size per treatment group, and the use of quality-control, pooled samples in order to correct for the variation in large-scale data sets encountered during metabolomics analyses (Broadhurst and Kell 2006).
The "unknown", or unidentified detected features were included in all multivariate statistical analyses and their weighting to the overall metabolic profile of the cells was utilised. Some of these "unknowns" could be assumed to be artefactual to gas chromatography or the sample preparation processes, and inclusion of blank extraction samples in future analyses would help to clean up this list of unidentified features of potential interest. Despite this, there were substantial fold changes in relative abundance in some of the "unknown" metabolite features ( Figure S2 ), the scale of which was not seen in any of the putatively identified features both biological and artefactual, and so their potential as compounds of interest was noted. Due to the large error margins with these higher fold-change features, it is difficult to interpret any such changes, but they help to demonstrate that this metabolomics perspective can detect both high and low relative abundances of a diverse range of different metabolite classes, as a single snap-shot of toxic exposure metabolic response of a cell system. Future investigations should take into consideration the potential for margins of error with single-platform, low sample number studies, and take appropriate action to best fit the experimental design to the variety of data able to be collected.
In this study, the metabolic response was also compared to the observed numbers of viable cells and the appearance of cells in culture (Figures 1 and 2 respectively) . Despite a reduction in cell number resulting from exposure to either insecticide, there was a distinct lack of reduction in cell viability (Figure 1 ). It can be assumed from this that the cell membranes remained intact until immediately before cell death. In the case for future cell culture metabolomics investigations, this cell type appears to be an optimal model for the detection of intracellular metabolites. The analysis of extracellular metabolites from this model may provide a clearer picture of the state of degraded cells that have released their internal metabolites into the surrounding medium. This could further uncover a living cell's metabolic state (Aurich et al 2015 , Nicolae et al 2014 in the moments immediately preceding cell death, and comparison of this to intracellular metabolites of remaining viable cells may help to interpret where the 'points of no return' might be for the metabolic state of a cell in response to toxins.
Conclusions
Metabolomics has been proposed as a new and exciting technique to study the toxic effect of environmental chemicals and to test for their safety in mammalian cells. To investigate whether metabolomics can be used to elucidate the metabolic response of the mammalian nervous system to neurotoxic insecticide chemicals, we analysed the metabolome of cultured B50 neuroblastoma cells following exposure to the pyrethroid insecticide permethrin or the organophosphate insecticide malathion. Distinct effects on cell growth and the metabolite profile were observed for both toxic chemicals. This study has illustrated the ability of metabolomics to detect not only an overall change in the metabolome, but to further identify specific metabolic deviations which are particularly important for deducing the possible downstream effects on function and stability of the cell, heavily influenced by exposure to a potentially toxic chemical. In this new approach to examination of chemical toxicology, two differing classes of insecticide chemicals, permethrin and malathion, were both found to induce anti-oxidative stress defences, glutamate-mediated excitotoxicity, and disturbances in the TCA cycle in cultured neuronal cells.
This study provides proof of concept for future cultured cell metabolomics studies investigating the neurotoxic cellular response to environmental chemicals that may be adversely affecting human health. In order to further elucidate the finer details of the metabolic processes involved and the potential mechanisms behind development of disease, this study design should be expanded with multiple doses and varying time points of exposure which would give a greater understanding of the directional expression of the observed metabolite changes. With the expansion of this metabolomics knowledge of the cellular response to toxins, it may be possible to isolate specific responses to particular toxins, and the downstream effects that can result from chemical exposure, that have currently gone unnoticed and undefined. With more understanding of how chemical exposure has an effect on the metabolism of neuronal cells, it may be possible to define a pathway of disease development demonstrating how environmental chemicals may be implicated in the increasing prevalence of neurological disorders worldwide. Veyrat-Durebex C, Corcia P, Piver E, Devos D, Dangoumau A, Gouel F, Vourc'h P, Emond P, Laumonnier F, Nadal-Desbarats L, Gordon PH, Andres CR, Blasco H. ' ) were counted at 0 hours (time of treatment) as well as at both 6 and 24 hours and combined to obtain the overall mean. n=8 for "No exposure" group, n=4 for "+ Permethrin" and "+ Malathion" groups. Error bars indicate 1 x standard error from the mean. Significant difference in cell number to the control is shown by * where P < 0.05 and *** where P < 0.0005. There were no observed significant differences in the percentage cell viability. PCA scores plots showing the response of B50 cells to acute exposure of A: permethrin or B: malathion for 6 and 24 hours. PCA was applied to the intracellular metabolite profiles to assess effects of insecticide exposure. Plots show both control (No exposure) and insecticide-exposed cells for both time points. In plot A, n=4 for all treatment groups. In plot B, n=4 for "No exposure 24 hours" and "+ Malathion 6 hours" groups, and n=3 for "No exposure 6 hours" and "+ Malathion 24 hours", due to the removal of outlier samples. Each PCA plot was further analysed (see supporting information, Figure S1 ) by separate PCA on samples from each time of exposure only, and the associated loadings plots used to investigate the metabolites that corresponded to a change in profile between control and treatment groups.
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Figure 4
Fold change histograms showing the effect of insecticide chemical exposure on the relative abundance of intracellular metabolites that had a substantial fold change from control (> 2.0 or < 0.5) in the B50 cell line. Histograms show metabolites from the compound classes amino acids, fatty acids, and dicarboxylic acids and pyruvate (TCA cycle), that were measured in the metabolome after either permethrin or malathion exposure and compares fold change in abundance after 6 and 24 hours of exposure. Error bars indicate 1 x standard error from the mean. Significantly different metabolite abundances in exposed cells relative to control is shown by * P < 0.05, ** P < 0.005, and *** P < 0.0005. TMS = Trimethylsilyl. PCA scores plots showing the response of B50 cells to acute exposure of permethrin or malathion for 6 and 24 hours. PCA was applied to the intracellular metabolite profiles to assess effects of insecticide exposure at separate times. The accompanying metabolite loadings plots were used to identify the metabolites that most contributed to the different profiles observed in PCA plots A: permethrin exposure for 6 hours, B: permethrin exposure for 24 hours, C: malathion exposure for 6 hours, and D: malathion exposure for 24 hours.
Figure S2
Fold change histograms showing the effect of insecticide chemical exposure on the relative abundance of intracellular metabolites that had a substantial fold change from control (> 2.0 or < 0.5) in the B50 cell line. Histograms show metabolites from the compound classes carbohydrates, miscellaneous "others", as well as the unknowns (unidentified features), that were measured in the metabolome after either permethrin or malathion exposure and compares fold change in abundance after 6 and 24 hours of exposure. Error bars indicate 1 x standard error from the mean. Significantly different metabolite abundances in exposed cells relative to control is shown by * P < 0.05, ** P < 0.005, and *** P < 0.0005.
Table S1
Intracellular metabolites of B50 cells following acute exposure to 200 mg/mL of the pyrethroid insecticide, permethrin for 6 and 24 hours. Metabolite compounds are listed by their chemical class. Fold changes in relative abundance from control and the associated P values are given for both 6 hour and 24 hour exposure times. Compound information includes but is not limited to retention time (RT (min)), retention index (RI), relative standard deviation of the average RI (RI RSD (%)), base peak mass/es (BP m/z (EI)) and compound identification parameters. Each compound is given an ID score based on a scale of identification criteria as proposed by Abbiss et al (2015) . Table headings are defined as below the table.
Table S2
Intracellular metabolites of B50 cells following acute exposure to 200 mg/mL of the organophosphate insecticide, malathion for 6 and 24 hours. Metabolite compounds are listed by their chemical class. Fold changes in relative abundance from control and the associated P values are given for both 6 hour and 24 hour exposure times. Compound information includes but is not limited to retention time (RT (min)), retention index (RI), relative standard deviation of the average RI (RI RSD (%)), base peak mass/es (BP m/z (EI)) and compound identification parameters. Each compound is given an ID score based on a scale of identification criteria as proposed by Abbiss et al (2015) . Table headings are defined as below the table. 1
Supplementary Information Table S1
Intracellular metabolites of B50 cells following acute exposure to 200 mg/mL of the pyrethroid insecticide, permethrin for 6 and 24 hours. Metabolite compounds are listed by their chemical class. Fold changes in relative abundance from control and the associated P values are given for both 6 hour and 24 hour exposure times. Compound information includes but is not limited to retention time (RT (min)), retention index (RI), relative standard deviation of the average RI (RI RSD (%)), base peak mass/es (BP m/z (EI)) and compound identification parameters. Each compound is given an ID score based on a scale of identification criteria as proposed by Abbiss et al 2015. Fold change in the average metabolite relative abundance from control to permethrin-exposed cells after 6 and 24 hours, ± standard error (SE) of the mean. ↑ = increased from below the limit of detection, ↓ = decreased to below the limit of detection, and no entry indicates the feature was undetectable in all samples at that time point. P value P values for 6 and 24 hours metabolite fold changes, calculated using a two-tailed Student's t test between the control and treatment groups per time point, of each metabolite feature using log10(X + 1) transformed, normalised relative abundances. Data were considered non-normally distributed with unequal variances. RT (min)
Average measured retention time in minutes. RI Average calculated retention index. RI RSD (%)
Relative standard deviation of the average calculated retention index. BP m/z (EI) Deconvoluted base peak (or extracted ion) mass/es (EI = electron ionisation).
User library match
Indicates whether a compound was matched to a user-generated library of authentic metabolite standards.
NIST match
Indicates compounds confidently matched to NIST database with probability >80%. NIST probability (%) Average calculated NIST probability score for a NIST matched compound. Detected in samples (%) Proportion of samples (as a percentage) in which the compound was detected.
ID Score
Compound identification score based on the proposed identification scoring system outlined in Abbiss et al 2015: 7 = Match to authentic standard + RT ± 2.5% + confident NIST match 5 = Match to authentic standard + RT ± 2.5% 3 = Confident NIST match + RT ± 2.5% 1.5 = Confident NIST match 0.5 = Compound class match 0 = Unknown 1
Supplementary Information Table S2
Intracellular metabolites of B50 cells following acute exposure to 200 mg/mL of the organophosphate insecticide, malathion for 6 and 24 hours. Metabolite compounds are listed by their chemical class. Fold changes in relative abundance from control and the associated P values are given for both 6 hour and 24 hour exposure times. Compound information includes but is not limited to retention time (RT (min)), retention index (RI), relative standard deviation of the average RI (RI RSD (%)), base peak mass/es (BP m/z (EI)) and compound identification parameters. Each compound is given an ID score based on a scale of identification criteria as proposed by Abbiss et al 2015. Fold change in the average metabolite relative abundance from control to permethrin-exposed cells after 6 and 24 hours, ± standard error (SE) of the mean. ↑ = increased from below the limit of detection, ↓ = decreased to below the limit of detection, and no entry indicates the feature was undetectable in all samples at that time point. P value P values for 6 and 24 hours metabolite fold changes, calculated using a two-tailed Student's t test between the control and treatment groups per time point, of each metabolite feature using log10(X + 1) transformed, normalised relative abundances. Data were considered non-normally distributed with unequal variances. RT (min)
Relative standard deviation of the average calculated retention index. BP m/z (EI) Deconvoluted base peak (or extracted ion) mass/es (EI = electron ionisation). User library match Indicates whether a compound was matched to a user-generated library of authentic metabolite standards. NIST match Indicates compounds confidently matched to NIST database with probability >80%. NIST probability (%) Average calculated NIST probability score for a NIST matched compound. Detected in samples (%) Proportion of samples (as a percentage) in which the compound was detected.
ID Score
Compound identification score based on the proposed identification scoring system outlined in Abbiss et al 2015: 7 = Match to authentic standard + RT ± 2.5% + confident NIST match 5 = Match to authentic standard + RT ± 2.5% 3 = Confident NIST match + RT ± 2.5% 1.5 = Confident NIST match 0.5 = Compound class match 0 = Unknown
